Abstract: Quantitative Structure Activity Relationship (QSAR) techniques are used routinely by computational chemists in drug discovery and development to analyze datasets of compounds. Quantitative numerical methods like Partial Least Squares (PLS) and Artificial Neural Networks (ANN) have been used on QSAR to establish correlations between molecular properties and bioactivity. However, ANN may be advantageous over PLS because it considers the interrelations of the modeled variables. This study focused on the HIV-1 Protease (HIV-1 Pr) inhibitors belonging to the peptidomimetic class of compounds. The main objective was to select molecular descriptors with the best predictive value for antiviral potency (Ki). PLS and ANN were used to predict Ki activity of HIV-1 Pr inhibitors and the results were compared. To address the issue of dimensionality reduction, Genetic Algorithms (GA) were used for variable selection and their performance was compared against that of ANN. Finally, the structure of the optimum ANN achieving the highest Pearson's-R coefficient was determined. On the basis of Pearson's-R, PLS and ANN were compared to determine which exhibits maximum performance. Training and validation of models was performed on 15 random split sets of the master dataset consisted of 231 compounds. For each compound 192 molecular descriptors were considered. The molecular structure and constant of inhibition (Ki) were selected from the NIAID database. Study findings suggested that non-covalent interactions such as hydrophobicity, shape and hydrogen bonding describe well the antiviral activity of the HIV-1 Pr compounds. The significance of lipophilicity and relationship to HIV-1 associated hyperlipidemia and lipodystrophy syndrome warrant further investigation.
INTRODUCTION
HIV-1 Pr inhibitors have been the subject of molecular modeling in the field of drug design in the last decade, as investigated [1] [2] [3] [4] [5] [6] [75] [76] [77] [78] [79] [80] and reviewed [7] by other researchers. A molecule exhibits inhibitor activity only when it is quantitatively determined. A molecule as an entity displays an identifiable property (e.g. inhibition of a target enzyme), only in relation to its measuring experiment. One way to reveal the inhibitory property is to measure the enzyme velocity at a variety of substrate concentration in the presence or absence of a potential inhibitor [8] . Thus, Ki is expressed as the inhibitory constant for inhibitor binding. The competitive molecule, the inhibitor, forms a complex with the target enzyme at the substrate binding site and prevents any further entry of the substrate thus stopping enzyme catalysis of the substrate. In order for a molecule to compete for the same "spot" it must possess features that are structurally and chemically similar to the substrate. For instance, peptidomimetic inhibitors -which mimic the transition state (TS) of the substrate during enzyme catalysis -have been successful as HIV-1 Pr inhibitors in preventing progression to AIDS. Representatives of this class of compounds are Saquinavir [9] , Indinavir [10] , Ritonavir [11] , Lopinavir [12] , Amprenavir [13] and Nelfinavir [14] . However, since HIV-1 Pr inhibitors were approved by the US FDA in 1996, beneficial therapeutic effects of HIV-1 Pr inhibitors have been shaded by adverse reactions [15] and resistance [16] . Treatment choices subsequent to initial therapeutic failure require a comprehensive assessment of several contributing factors including ADME/TOX [17] , pharmacokinetics [18] , drug exposure [19] and resistance [19] . Consideration of these factors is a complicated but necessary step required for the selection of the optimum regimen in HIV-1 treatment. Complexity in medical decision-making varies with the volume and diversity of the pharmacologic and clinical evidence during patienttreatment. Therefore, it is essential to identify the structural molecular factors that are important to the activities of inhibitors; QSAR was employed to address this task. The knowledge gained through this research would assist in: 1) optimizing HIV-1 Pr inhibitors and 2) better understanding how to control the unwanted side effects and resistance patterns resulted from the drug-administration of protease inhibitors.
Intuitively, molecular entities should possess specific features, which classify them into drugs or non-drugs. First and foremost, these features have to be specific to their target. Thus, drugs are subdivided into antiviral, antiretroviral, antibiotics, antineoplastics etc. Secondly, the structure, physical and chemical features of a particular class of compounds should be related to its biological activity. Characterizing a class of molecule to a specific activity is another major challenge in drug identification and optimization [20] . The pharmaceutical industry routinely uses classical approaches based on: 1) High Throughput Screening (HTS) for identifying new class of compounds and 2) Linear Quantitative Structure Activity relationship for optimizing lead candidate. Knowing that development of any new drug costs over $500M [21] , and that more than 80% of all new chemical entities (NCE) fail during clinical studies [22] it is imperative that new paradigms be introduced for drug identification and optimization. Information and knowledge from various domains need to be incorporated in every step of drug development.
Traditionally, QSAR statistical methods -like PLS and Principal Component Analysis (PCA) -are used in drug design and optimization. These methods address primarily correlations of an activity with a single point change made at a particular position of a molecule while keeping all the other positions constant. However, change of these points depends on non-linear effects in the overall molecule potency; PLS is limited in describing this non-linearity. Furthermore, PLS is of a reductionism nature and does not take into account interrelations between the various types of descriptors. In a similar manner, PCA, reduces representation from a higher to a lower dimension thus resulting in loss of physical meaning of the descriptors.
So far, a single silver bullet property correlating a specific class of compounds with an activity does not exist. For instance, a candidate molecule is established as an HIV-1 Pr inhibitor because experimentally it attains a threshold Ki value in the range of the nanomolar (nM). However, the structural, chemical and physical characteristics leading to this threshold Ki value have to be defined. Several characteristics can be considered individually as per the classical QSAR approach. However, the synergetic effect of these characteristics is greater than that of their individual contribution. The complexity of these interrelations differentiates a potent inhibitor versus a non-potent one. In this study, a set of characteristics describing peptidomimetic TS-analogues of HIV-1 Pr inhibitors was determined and the activity, adverse reactions and resistance patterns were discussed. ANN and nonlinear iterative PLS (NIPALS) were used to predict the inhibition activity of new molecules belonging to this class.
EXPERIMENTAL DETAILS
This research project was materialized through the following steps: 1) HIV-1 Pr inhibitor compounds were selected on the basis of Ki inhibition constant, 2) The molecular descriptors were calculated for each compound [23], 3) Approaches were developed to: 3a) Select the optimal descriptors (GA-ANN), 3b) Predict and validate the Ki inhibition constant (ANN and PLS).
Selection of HIV-1 Protease Inhibitors
A set of HIV-1 Pr inhibitor complexes with known chemical structures in SDF format [24] , binding properties and Ki activities were obtained from the NIAID [25] database. Compounds were selected on the basis that inhibitors should reflect the diversity of the overall peptidomimetics class of compounds. A master dataset was compiled with HIV-1 Pr subset inhibitors including 231 structures for the peptidomimetics class of compounds ( Table 1) . The subset was divided into 21 subclasses of HIV-1 Pr inhibitors ranging from allophenylnorstatine to urethanes. Compounds were retained representing a spectrum of Ki values that ranged from 0.001 nM to 2,000,000 nM. Ki values were preferred over IC50 values because the inhibition constant (Ki) can be directly related to the free energy of interaction of the drug [26] . The target of this interaction can be defined through the equations listed below where K d denotes the equilibrium constant expressing the binding affinity between the receptor R and the ligand L. The thermodynamics parameters are related to each other where ∆G denotes the free energy of binding, ∆H is the enthalpy and T∆S represents the entropy:
The Ki values were also transformed into logKi (log base e) -the value range was from -6.8 to 14.5 nM.
Calculation of Molecular Descriptors
Numerical representation of molecules was described with n-vectors of numbers called molecular descriptors. In general, a descriptor can be any quantity that describes a molecule. Molecular descriptors were generated from the molecular structure on the basis of 1D, 2D and 3D formulas. The descriptor types used to represent the molecular structure were topological [27] , structural [28] , physical [29] , and chemical [29, 30] 
Genetic Algorithms (GA)
GA algorithms, in general, use a "survival of the fittest" approach to determine if a selection (i.e. potential solution) would make it to the next step. In this study, a genetic algorithm was used to identify "the most dominant" descriptors. An elaborate description of this algorithm and its theoretical foundations is beyond the scope of the present manuscript and could be sought in the literature [31] [32] [33] .
Partial Least Squares
The nonlinear iterative partial least squares [34] (NIPALS) algorithm was employed to compute PLS regression components. Several variants of the NIPALS exist depending on whether certain vectors are normalized. In the current implementation both X and Y variables were transformed to have a zero average (similarly to the z-score). 
Artificial Neural Networks (ANN)
ANN approximation in general is achieved through an initial training session at the end of which internal associations -relating patterns of inputs and outputs -are built. Subsequently, ANN can make a prediction based on new inputs or "unknowns". The study dataset was characterized by non-linearities and the interrelations of included variables were poorly understood. ANN is a welldefined numerical approach for this type of problems. To address the non-linear nature of the study dataset, different structures of ANN were tested i.e. multi layer perceptron (MLP) with 3 or 4 layers, radial basis function (RBF), and generalized regression neural networks (GRNN). The MLP [35] , in general, is the most popular network structure. It is dependent on iterative training (slow in cases) but it produces networks that are compact and fast in their execution (following training). MLPs with 3 or 4 layers were tested featuring the hyperbolic tangent as activation function interconnecting these layers. Radial basis function [36] (RBF) networks originate from the regularization theory for solving ill-conditioned problems. They tend to perform slower than MLPs but they train fast. Conversely to the MLPs, the effectiveness of RBF is inversely proportional to the increasing number of input variables. However, inclusion of unnecessary inputs makes them more sensitive which may have an indicative value in unexploited datasets like the study set. Generalized regression neural networks [37] (GRNN) train fast (when N<1000 approximately) and perform satisfactorily, yet they execute slowly. GRNNs augment the pros and cons of RBFs thus contrasting MLPs. GRNNs use Bayesian techniques to estimate the expected value of an output variable dependent on a given input.
RESULTS

Training and Validating Set Design
A flat dataset (master) was compiled consisting of 231 compounds (rows) with 192 descriptors each (columns). To assess the performance of the ANN a random number generator [38] was employed to randomly partition 15 splits of the master dataset into training (T) and validating (V) subsets in the proportion 186(T):45(V) compounds, respectively. It is noted that the number of split sets as well as the proportion T:V was arbitrarily chosen.
Predict Ki with NIPALS and ANN Models
The 15 training split sets were used, individually, to compute the coefficients for the NIPALS models as well as the weight factors for the ANN models, respectively. These coefficients and weight factors were then used to predict the "unknown" Ki, individually, in the 15 validating split sets for the NIPALS and ANN, respectively. In each of the 15 split sets, training and validating, the predicted Ki was compared to the known experimentally-determined Ki values and the Pearson's R correlation coefficient was computed for both models PLS and ANN ( Table 2 ). This procedure was repeated for the logKi in all 15 runs ( Table 2) . Findings suggested that ANN predicted Ki activity more efficiently than NIPALS. GRNN-structure generated predictions with the highest Pearson's R for the runs 3, 5 and 11 and RBFstructure for runs 6, 7 and 8. Ki was predicted at a higher accuracy than logKi, from both models NIPALS and ANN thus suggesting that Ki values are a better representation of the activity of a compound than logKi.
Dimensionality Reduction
Often a number of variables may carry -to some extentthe same information as other variables. This problem is known as multi-colinearity and the only remedy known is to decrease the dimensionality of the problem in question by selecting only the most significant variables in relation to the predicted outcome. Genetic algorithms and neural networks were used, separately, to identify the most significant descriptors of the compounds in the training and validating split datasets. As anticipated, separate applications of GA and ANN on the 15 split datasets suggested a ranking of significance for each one of the chemical descriptors. From the original set of 192 descriptors a set of 25 significant descriptors was identified through GA. However, when using these 25 descriptors as inputs to predict Ki, NIPALS demonstrated very poor performance (up to 50% reduction of Pearson's-R on the basis of the results presented - Table  2 ). Separately, ANN was used to identify significant descriptors. ANN suggested a ranking of descriptors varying from 1 (most significant) to 192 (less significant) in each of the 15 runs. Variations were noted in this ranking order of significance amongst the 15 runs. However, no statistically 
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DISCUSSION
Properties of Descriptors
This study attempted to tackle the problem of identifying and selecting a set of molecular descriptors for a universal peptidomimetic class of HIV-1 Pr inhibitors rather than focusing on a particular subclass. Based on the ranking of the most important descriptors, suggested by ANN, the chemical, biological and clinical activity of the HIV-1 Pr inhibitors was considered to analyze the: 1) shape of chemical compound in relation to the catalytic cavity, 2) hydrophobicity (lipophilicity) in relation to entropy and its possible association to hyperlipidemia, 3) hydrogen bond donor and acceptor in relation to enthalpy, 4) presence of a central hydroxyl group and 5) significance of other descriptors which contribute less to the biological activity (on the basis of the ANN-ranking established in the present study).
Shape
Topological and geometrical shapes of chemical compounds are important factors in assessing molecular activity. Molecular topology describes the way that the atoms in a molecule are bonded together. Whereas, molecular shape is an attribute of a molecule dealing with spatial extension, form, framework, or geometry. Study findings suggested that shape descriptors were important contributors. For instance STD_DIMM-1 to 3 ranked in positions 38, 34, and 1 ( Table 3) , respectively. Also, ANN ranks radius of gyration (RGYR) at 22 and both PetitJean at 16 and 17, respectively. STD_DIMM-3 is a standard dimension equivalent to the standard deviation along a principal component axis. STD_DIMM3 was more important than the other dimension. This would suggest that peptidomimetic compounds correlate with a certain size in dimension 3, thus indicating that the potential inhibitor has certain size in this dimension which expresses an exclusive volume effect to fit the catalytic site cleft of 24 Ǻ long. Accordingly, Nelfinavir has the smallest molecular structure amongst the six approved HIV-1 Pr inhibitors; its predictive Ki value is 100-fold higher than the experimental value. It is noted that not many molecules of Ki activity comparable to that of Nelfinavir were included in the modeling. Therefore, the development of a more universal model of HIV-1 Pr peptidomimetics-class would require the consideration of additional compounds compatible (in terms of structure and Ki activity) to Nelfinavir.
Hydrophobicity (Lipophilicity)
Hydrophobicity and water solubility are properties which are used as early as ADME screens [39] to reject probable development failures early on stage. Study findings suggested that hydrophobicity is an important contributor that controls the activity of HIV-1 Pr inhibitors. The hydrophobic feature of HIV-1 Pr inhibitor comes from descriptors representing aliphatic hydrocarbon chains, aromatic groups and calculated logP, where logP denotes the log of the octanol/water partition coefficient -including implicit hydrogen. The MACC_108, 166, 115, 141, 149, 114, 160 keys are all related to the number of methyl CH 3 groups and to the length of the aliphatic chain. They were all amongst the first 40 most significant descriptors at the ranking order 2, 6, 10, 14, 20, 29 and 39, respectively. Furthermore, descriptors representing aromaticity were ranked at positions 24, 47 and 52 and logP was ranked at position 21. As aforementioned, logP values represent the hydrophobic binding of a drug to a receptor and its water solubility and permeability. Typical values range from -3 (very hydrophilic) to +7 (very hydrophobic). However, in the vast majority of drugs logP values are in the 2-4 range. The hydrophobic contribution to the structure of HIV-1 Pr inhibitors is dictated, in general, by the structure of the protease itself. In its mature form, the viral protease exists as a dimer with two subunits consisting of 99 amino acids. The folded subunits interact together to form a core hydrophobic catalytic cavity, which measures 24 Ǻ long and 6-9 Ǻ in diameter. Within the hydrophobic active site pocket there are two catalytic aspartyl residues named Asp25 and Asp25´. The latter are involved in the hydrolysis of the scissile peptide bond of the substrate with the participation of a catalytic water molecule. Thus, the hydrophobic cavity limits the freedom of water molecules and permits the entrance of hydrophobic groups. Since HIV-1 Pr cavity is composed of 
Hyperlipidemia and Lipodystrophy Syndrome
The relation of hydrophobicity property to drug side effects (such as hyperlipidemia and lipodystrophy syndrome) is unknown; yet it constitutes a major issue [40] . HIV-1 Pr inhibitors are lipophilic and thus are absorbed with difficulty by the human body. Further examination of the magnitude of the calculated logP values and correlation with marketed HIV-1 Pr inhibitors would suggest a clear trend between high logP and hyperlipidemia. The ranking of severity of hyperlipidemia is Ritonavir (RTV -highest severity), Lopinavir (LPV), Nelfinavir (NFV), Indinavir (IDV) and Amprenavir (AMP -relatively benign) [41] . Their associated calculated logP values are 6.63, 5.71, 5.33, 2.39 and 1.82, respectively. Saquinavir (FTV) with a logP=6.16 does not seem to follow this trend. In the case of Ritonavir it is known that a dose of 400 mg bid or higher adversely affects the serum lipid profiles similarly to the activity of RTV combined with Lopinavir [42] . Furthermore, as a class of drugs, protease inhibitors are highly hydrophobic and hence may be concentrated in fatty tissues. Also, the daily administration and chronic exposure to these medications may impact on the mitochondria in fatty tissues [43] .
Hydroxyl Group and Bonding Level Pattern
HIV-1 Pr catalytic mechanism is believed to involve a general acid general base (GAGB) assisted nucleophilic attack of a catalytic water molecule upon the carbonyl carbon leading to a non-covalently bonded intermediate [44] . In the design of the peptidomimetic TS analogues, the inhibitor has to avoid hydrolysis by the protease. The replacement of the peptide C=O with a hydroxyl OH group creates a non-hydrolysable TS mimic. Study findings suggested that the presence of OH groups was important and ranked at positions 7 and 25.
Hydrogen Bond Acceptor and Donor
Study findings suggested the significance of the bonding level pattern between C=O and O. DLI_18 ranked at 3 rd place typifying the # of a 3-level pattern as defined by Xu et al. [28] (Fig. (1) ). It represents a three-bond distance between a carbonyl group C=O and an oxygen or nitrogen atom. According to the structures of HIV-1 marketed drugs ( 
Other Descriptors
Within the set of descriptors considered in this study, the following seem to be less important for the activity of the HIV-1 Pr inhibitor: 1) Physical and electronic properties descriptors such as sum of the atomic polarizabilities, total charge of the molecule (sum of formal charges), molecular refractivity, molecular weight, dipole moment, 2) Van der Waals (VdW) volume, area of Van der Waals surface and subdivided surface areas which are descriptors based on an approximate accessible van der Waals surface area calculation for each atom. These VdW descriptors are related to binding, transport, and solubility, 3) Topological descriptors such as Wiener Index, Zagreb index, Kier & Hall connectivity index, Kappa shape indices, atomic and carbon connectivity index, atomic and carbon valence connectivity index, 4) All atom and bond counts partial charge descriptors, 5) Energy descriptors were not considered in the study, however, preliminary results suggested that ROF, adaptability and shape of the molecule account for the major activity of the compound class. 
Free Energy, Enthalpy and Entropy
Non-covalent interactions such as lipophilicity, hydrogenbond donor and acceptor and shape of molecule can account for the overall antiviral activity of the HIV-1 Pr compounds. In drug design the thermodynamic binding of a drug to its therapeutic target includes free energy of binding, enthalpy and entropy. Enthalpy contribution is expressed through the drug-target interaction relative to the solvent. The primary contribution comes from hydrogen bonding and Van der Waals interactions. Entropy contribution is primarily due to hydrophobic interactions caused by an increase in the solvent entropy from burial of hydrophobic groups of the drugs and by release of water molecules upon binding and also from a small loss of conformational degrees of freedom of the candidate molecule. A drug with favourable entropy indicates that the binding is driven by hydrophobic interactions and low hydrogen bound formation. This type of drugs are hydrophobic and poorly water soluble and are also conformationaly restraint. This entails that they lack a potential of adaptability and consequently are highly susceptible to cause drug resistance [47] . The challenge would be to fine-tune the hydrogen bond contribution, hydrophobicity and flexibility of this particular class of compounds. One strategy to alleviate clinical adverse reactions and overcome suboptimal pharmacokinetics is to modify HIV-1 Pr inhibitors into prodrugs [48] [49] [50] [51] which are then subsequently converted to their parent drug by in vivo chemical reaction. Hydrophilic prodrug such as fosamprenavir [52, 53] (Lexiva®) a phosphate ester prodrug of amprenavir [48, [53] [54] [55] [56] seems to be a major alternative to the problem of hydrophobicity and thus entropy factor.
Similar studies -applied to the non-nucleoside HIV-1 reverse transcriptase inhibitors-have shown that nonconvalent interactions such as lipophilic, steric, hydrogen-bonding and inductive forces are responsible for the antiviral and cytotoxic actions [57] . Thus, a comprehensive understanding of biological activity through the respective molecular descriptors establishes the grounds for conceptualization of additional targeted strategies for the discovery of NCE.
Virtual HTS (vHTS)
The current drug discovery processes in many pharmaceutical companies require large collections of small molecules for use in HTS assays [58] . Identifying new class of compounds with HTS is a costly procedure because appropriate inhibition assays have to be developed, small molecules compounds have to be purchased and the results obtained should be environment dependent (pH, ionic strength and buffer conditions). Moreover, hit lists generated by HTS typically contain a large percentage of false positives [58] , making follow-up assays necessary to distinguish between active from inactive substances [59] . Presently, the availability of the 3D structure of the target and knowledge of its active site provide sufficient accuracy to conduct virtual HTS (vHTS). This approach is costefficient since there is no need to buy costly HTS library of compounds and set up biological assays for the experimental screening. For instance, a successful application of vHTS was the Anthrax Research Project, in which 300,000 molecules approximately were identified (from the pool of 3.5 billion) as possible candidates for further research [60, 61] . That virtual screening project was completed in 24 days, a process which traditionally would have taken years to complete. Amongst others, the authors [62] were able to demonstrate that pharmacophore modeling -based on hydrogen bond donors and acceptors -can be used to effectively screen small molecule databases to assist drugdiscovery process. This task was attained through the use of vHTS which facilitated the identification of SARS-CoV Protease [62, 63] through screening of over 3 million compounds [64] based on a gamut of molecules readily purchasable. An example demonstrating the increasing complexity of similar experiments is the Anthrax project: the respective database comprised of 3.5 billion virtual molecules. As a future research step would be to combine both experiences: HIV-1 Pr descriptors identification through ANN and SARS-CoV Pr vHTS to choose features for in silico modeling such as hydrogen bond donor and acceptor, hydrophobic aromatic and aliphatic, positive and negative charges, positively and negatively ionisable groups, shape and excluded volume. Applications of interest would be: the search for compounds that inhibit dimer formation, inhibition of stable monomers of HIV-1 Pr, and a comprehensive understanding of C2 symmetric inhibitors.
CONCLUSION
A consistent set of descriptors was determined to predict the activity of HIV-1 Pr inhibitors; 15 different training and validating sets were used for this task. The best structures of ANN providing very good predictions were GRNN and RBF. The set of descriptors suggested by the ANN reflects fairly well the characteristics and biological activity of HIV-1 Pr inhibitors. These account for enthalpy and entropy contribution to the binding affinity of the compounds with descriptors representing hydrogen bonding, hydrophobicity, lipophilicity and shape contribution. Amongst the 192 descriptors tested, it would appear that the category of descriptors representing non-covalent interactions accounts for the antiviral activity of the HIV-1 Pr compounds. Due to consistent contribution to hydrophobicity, the significance of lipophilicity and relationship to HIV-1 associated hyperlipidemia and lipodystrophy syndrome warrants further investigation. The distinctive difference between causeeffect and determining cause should be highlighted. When environmental conditions are met, a response will generally occur as a result of various sets of determining rules. For instance, there is a direct relationship between HIV-1 Pr inhibitors and adverse serum lipid profiles resulting in hyperlipidemia. The challenge is to design drugs with a: 1) binding adaptability and favourable enthalpy in order to reduce drug resistance and 2) reduced level of entropy contribution which in turn is related to the hydrophobicity of the compounds. Presently, hydrophilic prodrug seems to be an alternative to the lipophilicity of the HIV-1 Pr inhibitors.
As a future direction, the authors are investigating descriptors for the non-peptidomimetic C2-symmetric compounds -such as the recently approved Tipranavir [65] . Modeling of: 1) hydrogen bond donor and acceptor, 2) hydrophobic aromatic and aliphatic, 3) positive and negative charges, 4) positively and negatively ionisable groups, 4) shape and excluded volume, within the concept of a comparison between the peptidomimetic and non-peptidic class of compounds, is expected to impact the drug discovery process.
